Inspired by the simplicity of how nature solves its problems, a controller based upon the bacteria chemotaxis behavior and flocking of starlings in nature is developed and presented. It would enable the localization and subsequent mapping of pollutants in the environment. The pollutants could range from chemical leaks to invisible air borne hazardous materials. Simulation is used to explore the feasibility of the proposed controller and then a brief discussion on how to implement it onto a real robotic platform is presented. By using the advantages offered by swarm robotics, it is possible to achieve a collective mapping of an invisible pollutant spread over a large area. The approach presented is very simple, computational efficient, easily tuned and yet highly effective (desirable characteristics of biological systems) in generating a representation of an invisible pollutant.
Introduction
The technique used to provide sensor coverage of an area for safety or pollution monitoring is very important. A cost effective way might be to make the sensors dynamic so that they can move to locations where interesting data can be collected. Additionally, if the substance being monitored (hazardous pollutant, for example) is invisible, the sensors could be used to effectively form the distribution of the pollutant for people to see. Such information could be useful for evacuating humans from the path of pollutant or from the affected area. This is especially true for invisible substances such as nuclear radiation, sarin gas or nerve gas.
To develop a technique to control the sensors for the needed coverage of an environment, we face some technical challenges. The first challenge is how to quickly find the source of pollutant, and the second challenge is how to effectively control the agents so that collision between them is avoided. Researchers have been investigating various approaches to provide coverage to the environment. This includes the use of deterministic approaches such as multi spanning trees for multiple robots and cellular decomposition [Gabriely and Rimon, 2001; Zheng et al., 2005] . However, it has been proven that the performances of deterministic approaches do approach that of stochastic approaches in the presence of noise from the environment [Balch, 2000; Gage, 1993; Nikolaus et al., 2007] .
Furthermore, the use of Voronoi partitions have also been considered as in [Cortes et al., 2004; Schwager et al., 2008] . However, the use of Voronoi partitions is only effective in environments that are polygon derivatives. The use of the Gabriel graph theory to achieve the effective placement of agents in the environment to track a target is another approach that has been investigated by Shucker et al. This approach requires that agents are able to communicate to an extent over a large distance with agents at other positions and this might not be practical in a real world scenario Shucker et al., 2006] .
Lilienthal et al. achieve an effective coverage of an area by moving their agents in a predefined manner in the area to be covered [Lilienthal et al., 2004] . This method quickly becomes ineffective if a large distance is to be covered by the single agent and if the pollutant is highly dynamic. Work done by Mesquita et al. uses a technique based on the bacteria chemotaxis behavior to arrange them in the environment based on the signal to be monitored [Mesquita et al., 2008] . Zarzhitsky et al. used a term called fluoxtaxis to direct a swarm of robotic agents in localizing a plume source, which was also inspired partly by the chemotaxis behavior of bacteria and an artificial physics framework to achieve the flocking behavior of the swarm [Zarzhitsky et al., 2005] .
In this work, a novel bacterial chemotaxis controller is used to find the source of the pollution in the environment whilst a flocking algorithm is used to position the agents optimally from each other so as to avoid collisions with each other and ensure group foraging. By following this approach, the aim is to place the agents in the environment based upon the density profile of the pollutant to be monitored so that areas of high environmental pollutant concentration receive more agents than areas of low pollutant concentration. By doing this, areas with more interesting data are monitored closely than areas with less interesting data. In addition, the approach presented is simple to implement, not computationally expensive and it is not environmental specific.
The rest of the paper is organized as follows. The developed controller is presented in Sec. 2. Section 3 discusses the experimental setup while Sec. 4 presents the results of our simulation. A robotic implementation is given in Sec. 5. Finally, a brief conclusion and future work is presented in Sec. 6.
Developed Controller
As mentioned previously, both a flocking controller and a bacteria controller are used to achieve the distribution of agents in the environment. The output of both controllers are combined and gains for each output as shown in Eq. (9) are used. The details of each individual controller would now be discussed.
Bacteria controller
Some researchers have developed source finding controllers that would enable their agents to localize at the source of a signal based on mathematical principles [Mayhew et al., 2008; Baronov et al., 2008] whilst others have used rule based bacteria chemotaxis algorithms [Dhariwal et al., 2004] . However, a rule based algorithm could be difficult to analyze. In this work, a controller based on the Berg and Brown model [Berg and Brown, 1974] is developed.
A bacterium motion is composed of a combination of tumble and run phases. The frequency of these phases depends on the measured concentration gradient in the surrounding environment. The run phase is generally a straight line while the tumble phase is a random change in direction with a mean of about 68 degrees in the E. Coli bacterium. If the bacterium is moving up a favorable gradient, it tumbles less thereby increasing the length of the run phase and vice versa if going down an unfavorable gradient.
This behavior was modeled by Berg and Brown by fitting the results of their experimental observations in [Brown and Berg, 1972] with a best fit equation in [Berg and Brown, 1974] . This model is shown below:
where τ is the mean run length and τ o is the mean run length in the absence of concentration gradients, α is a constant of the system based on the chemotaxis sensitivity factor of the bacteria, P b is the fraction of the receptor bound at concentration C. In this work, C is taken as the present reading taken by the robotic agent. k d is the dissociation constant of the the bacterial chemoreceptor. From previous work in , it was discovered that using memory aided the convergence of the robotic agents to a source. As a result, the version of the Berg and Brown model that takes the effect of the previous positions into account was used. This is shown in the equations below:
where τ is the mean run length and τ o is the mean run length in the absence of concentration gradients, α is a constant of the system based on the chemotaxis sensitivity factor of the bacteria, P b is the fraction of the receptor bound at concentration C. In this work, C is taken as the present reading taken by the robotic agent. k d is the dissociation constant of the the bacterial chemoreceptor.
dt is the rate of change of P b .
The above equations determine the time between tumbles and hence the length of runs between tumbles. During the tumble phase, the agent can randomly choose a range of angles in the set σε{0, . . . , 360} by randomly choosing coordinates. This made it possible for our agents to backtrack if there is a favorable gradient behind it. We shall call the chosen co-ordinates from the bacteria controller for agent i, x b i . The above equations were then cast into a source finding controller for the robotic agent.
From previous work in , an adaptable velocity is determined by:
where
• β is a dynamic velocity that depends on the present reading C(t) of the environmental quantity.
• β o is the standard velocity without any reading.
• v k is a constant for tuning the dynamic velocity.
Flocking controller
In order to implement the flocking controller for agent x i , a modified flocking controller is used below:
is the position of the agent with the highest measurement in the neighborhood of x i . The neighborhood is determined by the communication radius of each agent as discussed in Sec. 4.
• K > 0 is the magnitude of the repulsion force between agent x i and agent x j .
• Constant H is the attractant gain for the force between agent x i and the agent x h with the highest environmental quantity measurement in the neighborhood.
The two behaviors are then combined and the new position of the agent x i calculated using:
where both constants F and B are gains for the flocking and the bacteria behavior, respectively.
Experimental Setup
In order to test the algorithm, a simulated arena that had a dimension of 600 pixels by 600 pixels was developed. Kinematic models were used for the simulated robots based on previous work in . They had dimensions of 10 pixels by 10 pixels and had an array of simulated chemical sensors in the center of the robot. This array of chemical sensors had a dimension of 10 pixels by 10 pixels. It is assumed that each individual chemical sensor making up the chemical sensor array Fig. 1 . A generated air pollutant with added noise. returns 1 or 0 as output. If a chemical sensor detects a pollutant particle in a location it returns a 1 and it returns a 0 otherwise. In order to measure the concentration of the pollutant in the robot's position, the values of each chemical sensor in the array is added up to get the total measured concentration in that location.
The agents were able to communicate with agents within a radius of 60 pixels around them. To simulate the restrictions on communication bandwidth, each agent is only able to buffer up 5 readings from its neighborhood agents. Other assumptions taken in our experiment include:
• A generated air pollutant having the distribution shown in Fig. 1 with added noise and no clear concentration gradient boundaries in the pollutant.
• The air pollutant is stationary and not moving. The effects of wind changes or air convection currents are not investigated but will be done in later studies.
• The robots were placed initially at the edges of the pollutant as in [Mesquita et al., 2008] .
• Each robot knows its position in the simulated arena. This is possible in practice by using GPS. However, it must be noted that the GPS must be very accurate and not prone to drifts. If the GPS is prone to drifts, it might cause the robots to crash into each other as a result of the drift in data received. Nevertheless, this could be compensated by using proximity sensors such as ultrasonic Sensors.
• In the flocking investigations, the collision avoidance scheme was supposed to be obtained from the implemented flocking controller. However, from investigations carried out, this flocking controller was not able to eliminate all the collisions completely. In further investigations, the use of other flocking controllers would be considered in the system. On real robots, proximity sensors such as ultrasonic sensors could be used to aid the flocking controller.
• It is assumed that the chemical sensors used in the experiment were noiseless during the simulation. However, in future work, it is planned that noise would be introduced through the use of a random number generator.
Simulation and Results

Bacterial chemotaxis behavior
Before combining the two behaviors together, the bacterial chemotaxis controller was subjected to tests using two metrics of environmental exploration and source convergence. Fifty robots were used in our simulations for each change in parameter value so as to gain an accurate view of the effects of the parameter value change. Each parameter was increased from 2 to 30 in increments of 2 and the results were recorded from each investigation. Each robot moved independently without knowing about other robots in the environment. In addition, each simulation ran for a short time of 2.5 minutes because given a long enough time, all robots would eventually find the source and would not give an opportunity to investigate the effect of parameter changes. The source was placed at coordinates of (x, y) = (400, 400) while the agents were randomly placed at (x, y) = (250, 150) with a standard deviation of 5. In the Bacteria Chemotaxis experiments, the velocity was kept constant.
Investigating the run length value
From the work in , it was mentioned that smaller values of standard run length, resulted in faster convergence towards the source. This is because the run length controls the amount of exploration taking place in the environment as shown in Fig. 2 . The larger the standard run length, the larger the area covered by the robot and the longer it takes to converge at the source. The reason for this is that greater run length values tend to reduce the rate of tumble taking place in the environment according to Eq. (1) and so exploration by the robot in the environment is wider resulting in a slower convergence rate at the source.
Investigating the k d value
The k d value is responsible for the chemosensory sensitivity of the receptors on the bacteria as mentioned above. A higher k d would result in more agents localizing at the source as can be seen in Fig. 3 . The reason for this can be observed in more detail in Fig. 4 where a higher k d resulted in agents spending less time in areas that are further away from the source and more time in areas closer to the source. As a result, at higher k d s, areas nearer the source of the pollutant are covered more often by the robots as they seek for richer pollutant concentrations than at lower k d s.
Investigating the α value
The α value is responsible for system amplification and could be used in the presence of background noise to adjust the behavior of the system. The α value is also responsible for aiding the convergence of the agent to the source. This can be seen in Fig. 5 which shows how higher values of α increase the number of robots localizing at the source while Fig. 6 shows how the α value affects the descent rate of the robots. As can be seen in Fig. 6 , a higher α value results in a faster convergence to the source.
Combining the behaviors
By combining the bacteria behavior with the flocking behavior, it was possible to arrange the flock to fit the underlying environmental variable that was being monitored. Time steps of this is shown in Fig. 7 with their corresponding distributions.
As can be seen in Fig. 7 , the mean of the distribution of the flock is close to the mean of the distribution of the pollutant. It was discovered that by changing the parameters of the proposed controller, it was possible to change the spread of the agents in the pollutant. This feature is useful in controlling the spread of the flock in the environment and hence making it possible for them to look for other sources.
Controlling the agents spread
In order to investigate the effects of the parameters in a more simplified manner, pollution distribution was changed to a gaussian distribution with a mean of 250 and a standard deviation of 57. Using a gain of 1 for both behaviors, the effects of the changes in the value of the τ o parameter and the value of the v k parameter are monitored. The mean and the standard deviation of the flock after 2 minutes of running was then measured. The simulation was ran 40 times to get a good representation of the experimental results for each change in parameter value. It can be seen from Fig. 8 that the mean of the flock (localization property) reduces as τ o increases while the standard deviation (spread of the flock about the mean) increases. From the graphs above, it can be seen that to get a balance of both properties a value of 60 can be chosen.
In addition, it was discovered that changing the value of the v k parameter of Eq. (5) also has effect on the spread of the agents as can be seen in Fig. 8 . However, changing this parameter is not really practical in real world applications due to energy and velocity restrictions of the present platforms, hence the small data set collected. Nevertheless, by choosing the right values for both the v k and the τ o parameters, it is possible to use them to reinforce each other. The v k did not have much effect on the mean of the flock distribution.
Having the ability to control the spread of the flock enables the map of the pollutant can be built in varying degrees. The spread can be controlled to either the readings from interesting points near the source of the pollutant or the readings from a larger pollutant coverage area.
Implementation on a Lego Mindstorm Robot
In order to investigate the effects of the proposed controller on various platforms, the bacteria controller was firstly implemented on a Lego mindstorm platform having a differential drive system as shown in Fig. 9 . Lejos (A Java derivative programming language) was used to program the robot. The environmental variable or pollutant was represented by printing a gradient of black color on paper. A light sensor was used to read the values of the color from the paper and then the robot responded accordingly. The values of the reading from the light sensor was between 0 and 65. A large α value of 1000 was used during the control of the system. It was discovered that a range of α values might be necessary because of varying light levels and battery level changes. A k d parameter of 2 was also used and the velocity of the platform was not varied according to the light sensor readings. To simulate a random change in direction, random angle values in the set σε{0, . . . , 360} for each wheel was generated and used during a tumble. During the tests, the robot was placed so that there was an amount of pollutant on all sides of the platform at the beginning of the experiment.
Even the presence of noisy readings (as result of a wrinkled paper) the robot was still able to localize the source of the pollutant. It was discovered that by using a smaller value of tumble length τ o , faster localization at the source is achieved. This is shown in Table 1 . However, it was found out that care must be taken when choosing this value on this particular platform. This is because a small value of τ o would result in the platform spinning around on its axis and making no progress.
Increasing the value of k d was also investigated and had the same effects as was discussed in Sec. 4.1.2 as can be seen in Table 2 . Over 20 experiments were carried out for each of the parameter changes implemented above. For more information on the experiment carried out on the physical platform, the reader is referred to [Oyekan and Hu, 2010] .
Conclusion and Future Work
It has been shown in this paper that a bacteria controller can be developed from the Berg and Brown bacteria model. The parameters of the controller have different effects on the behavior of agent. By combining a bacteria controller, flocking controller and a foraging behavior, it is possible to represent an invisible pollutant. The bacteria controller is responsible for getting the agents to the pollution source in the environment, the flocking controller is responsible for keeping the agents together and preventing collisions while the foraging behavior in the form of a velocity function is responsible for forming the shape of the pollutant. In future work, the proposed control technique will be implemented on a flock of physical agents and subsequent studies. In addition, a more effective flocking controller would be investigated and used to further prevent collisions between agents. 
